Purpose: Our goal was to identify genes undergoing expressional changes shortly after the beginning of neoadjuvant chemotherapy for primary breast cancer.
INTRODUCTION
Breast cancer, clinically, is a very heterogeneous disease. The clinical heterogeneity of breast cancers is due to a broad diversity of somatic mutations and epigenetic rearrangements changing the expression of many genes. Although much effort has been made to develop an optimal clinical treatment course for an individual patient with breast cancer, only little progress could be achieved predicting the individual's response to a certain therapy. Such predictions are usually based on standard clinical conditions such as tumor stage and grade, estrogen receptor (ER) and progesterone receptor (PgR) status, growth rate, overexpression of the HER2/neu and p53 oncogenes (1) . However, evidence about association of ER and/or PgR gene expression with outcome prediction for adjuvant endocrine chemotherapy are still controversial. Studies have shown that levels of ER and PgR gene expression in breast cancer patients are of prognostic importance independently from a subsequent adjuvant chemotherapy (2) (3) (4) . Oppositely, a newer study has demonstrated that PgR status is an independent predictive factor that improves outcome prediction for adjuvant endocrine therapy (5) . Moreover, elevated ER and PgR levels are known to be significantly associated with a progressively better response to tamoxifen and longer survival in ER(ϩ) metastatic breast cancer (6) . From the theoretical point of view, it is unexpected that the therapeutic response in patients with breast cancer might be independent from the ER/PgR status. It is more probable that the prognostic impact of receptors' expression depends on the impact of other variables, e.g., the impact of the ERBB2 receptor (7, 8) . When conventional biological techniques are used, finding such factors is problematical because all of these techniques survey one gene at a time.
For a few years, DNA microarray technology has been very useful for quantitative measurements of expression levels of thousands of genes simultaneously in one sample. Thus far, this technology has been used for the classification of cancer tissues, e.g., breast tumors (9 -24) , prediction of metastasis and patient's outcome (25) (26) (27) (28) (29) (30) (31) (32) (33) (34) (35) (36) (37) (38) , and tumor response to chemotherapy (39 -43) .
It is a well-established fact that adjuvant systematic treatment after surgery reduces the risk of disease relapse and death in patients with primary operable breast cancer (44) . As an alternative therapeutic concept, neoadjuvant or primary systemic therapy (PST) can be offered either to those patients with larger inoperable breast cancers or to patients interested in breast-conserving surgery (45) (46) (47) (48) (49) (50) (51) (52) (53) . The PST in general do not offer a survival advantage over standard adjuvant treatment, but may identify patients with a pathologically confirmed complete response (45, 46) . This clinical response to PST is associated with improved survival (50, 54, 55) and reflects a great benefit to ϳ14% of the PST-treated patients. Studies elaborating PST have demonstrated that early gene expression changes are significantly associated with clinical response (56, 57) .
In general, all patients of a given cohort do receive the same treatment, even though many will fail in treatment success. Biomarkers reflecting the tumor response can function as sensitive short-term surrogates of long-term outcome. The use of such biomarkers will make chemotherapy more effective for the individual patient and will allow the changing of regimens early, in case of nonresponding tumors as far as the level of evidence for biomarker studies is obtained.
With this study, we aimed to identify effects of epirubicin/ cyclophosphamide (EC) or epirubicin/taxol (ET) treatment on gene expression in primary breast cancers at 24 hours after the first treatment. Cyclophosphamide and epirubicin are common therapeutics for advanced and metastatic breast cancer (58) . Moreover, a therapeutic advantage of epirubicin is the higher cumulative dose at which the anthracycline-induced cardiotoxicity becomes clinically evident in contrast to the more frequently used doxorubicin (Adriamycin). On the other hand, taxanes have quickly been established as important chemotherapeutic agents in the armamentarium of drugs to treat breast cancer (59) . Expression profiles of 25 pre-and post-treatment biopsy pairs have been obtained by low-density cDNA array (BD Biosciences Clontech, Heidelberg, Germany) and were subsequently funneled into bioinformatic and statistical analyses. Additionally, five consecutive biopsies have been sampled from the same tumor of one patient (pretreatment, and 4, 8, 18 , and 24 hours after the first EC treatment) to profile a time course of gene expression by the use of oligonucleotide microarrays (Affymetrix Inc., Santa Clara, CA).
Analyzing the data for 25 pairs by applying the paired Student's t test, we found only two genes, cyclin-dependent kinase inhibitor 1 (p21 WAF1/CIP1 ) and prostate differentiation factor (MIC1) to be stimulated equivocally in the breast tumors posttreatment. Several more genes were found to be up-and/or down-regulated after 24 hours of treatment in at least some of the patients analyzed. Partial least discriminant analysis (PLS-DA) and a step-down permutation approach were applied to the data sets to develop a discriminative minimal gene set for future classifications. On the basis of approximately 25 transcripts from the entire data set, PLS-DA is able to discriminate pre-and post-treatment samples. Although absolute changes in gene expression vary in the individual paired samples, as well as according to what detection method is used, a group of genes has been identified characterizing major common transcriptional changes exerted by the onset of the first chemotherapy cycle. ) as the first therapeutic intervention prior to surgery (Table 1) . Tumor samples were taken according to institutional review board guidelines. Serial core biopsies of the primary tumor were performed before treatment and 24 hours after the initiation of the first course of the chemotherapy from a locally anesthetized region with Bard MAGNUM Biopsy Instrument (C.R. Bard, Inc., Covington, GA) with Bard Magnum biopsy needles (BIP GmbH, Tuerkenfeld, Germany). Serial biopsies were taken from a distinct area of the tumor with a 90-degree angle and an additional skin entry site. This approach was used to avoid the detection of gene expression unrelated to treatment, such as tissue injury-related processes. All biopsy samples were snap-frozen in liquid nitrogen and stored at Ϫ80°C until further processing. Hematoxylin and eosin-stained sections from tumor specimens were examined to assess the relative amounts of tumor cells, benign epithelium, stroma, and lymphocytes. Standard clinical factors such as ER, PgR, Ki-67, p53, cerbB2/HER2neu have been routinely defined 4 in our laboratory. Total RNA Isolation, cDNA Probe Synthesis, and Atlas Array Data Analysis. Total RNA from tissue specimens was extracted according to the protocol recommended for the Atlas Pure Total RNA labeling system (BD Biosciences Clontech). The amount and quality of RNA were evaluated with UV spectrophotometry (Photometer ECOM 6122, Eppendorf AG, Hamburg, Germany), agarose gel electrophoresis, and Agilent 2100 Bioanalyzer RNA 6000 LabChip kit (Agilent Technologies GmbH, Boeblingen, Germany) following the manufacturer's instructions. ␣ 32 P-labeled cDNA probes were prepared from 5-10 g of total RNA with gene-specific primer mix (BD Biosciences Clontech). Hybridization steps were performed according the manufacturer's instructions with filter arrays Atlas Human Cancer 1.2 with 1185 genes. Duplicate, parallel, independent hybridization experiments were performed for all of the samples to prove the reproducibility of the results. The results have shown good reproducibility (correlation coefficients, 0.9 to 0.98).
MATERIALS AND METHODS
Primary data collection and analysis were carried out with phosphoimager (BAS-1500, Fuji, Raytest) and TINA software (Fuji). Areas of arrays with obviously overlapping signals and artifacts were manually excluded from the additional analysis. Normalization of signal intensities obtained from different hybridization experiments was based on the sum of backgroundsubtracted signal data of all expressed genes (60) with Excel 97 (Microsoft). The resulting data table is available from our website. Oligonucleotide Array Hybridization and Analysis. Total RNA of 10 paired pre-and posttreatment tumor biopsies were subjected to further analysis with the Affymetrix Human Genome U133A GeneChip (22,283 probe sets; Table 1 ). For the time course study, biopsies have been taken from the same tumor of one patient before the first treatment with EC chemotherapy and after different lengths of time, namely, 4, 8, 18, and 24 hours, after the therapy onset. We used the Affymetrix HG-95A microarray consisting of 12,626 probe sets.
For hybridization, 5 g of total RNA was used as starting material. The whole experimental procedure was performed according to the manufacturers protocols, and hybridizations were carried out at the laboratories of Bayer Diagnostic Research, Bayer Healthcare AG, Leverkusen, Germany. The raw expression value for each gene was calculated with Affymetrix Microarray Suite 5.0 Software.
Hierarchical Clustering. Genes and probe sets with low signal intensities have been excluded form the additional analysis. Expression data of 249 genes from the Clontech platform and 6,980 probe sets from Affymetrix HG-133A were log-transformed, and data for each gene were median-centered and normalized. Data for each sample were also median-centered. The hierarchical clustering program (Version 3.1) developed by Eisen et al. (61) Figs. 1 and 2 ). Red reflects expression levels higher than the median value of the normalized data sets; blue reflects expression levels lower than the median.
Semiquantitative and TaqMan Real-time Reverse Transcription-PCR. Primer sequences are shown in Supplemental Materials Table 1 . 5 Expression of the gene for ␤-actin served for the standardization of the individual PCR reactions. The number of cycles in PCR reactions was optimized to ensure product intensity within the linear phase of amplification. Additionally, real-time PCR analyses with ABI PRISM 7900 (Applied Biosystems, Foster City, CA) for p21 WAF1/CIP1 , interferon-induced transmembrane protein 9-27, and ␤-glucoronidase (as housekeeping gene) have been done with Assays-onDemand according to the manufacturer's protocol. For the quantification, the ⌬⌬ cycle threshold (C t ) method was used (62) .
Identification of Epirubicin/Cyclophosphamide-Regulated Genes in Time Course Study in a Single Patient. To identify genes, which are differentially expressed after chemotherapy, we calculated a confidence score for each gene at each point of time after the first onset of chemotherapy treatment. We used the method reported by Jelinsky et al. (63) with some modification. The confidence score (CS) was defined as the sum of individual scores given for fold change (FC), expression level (EL), and present calls (PC) as defined by Affymetrix software. The maximum confidence score for any gene could be 35 based on this scoring. We considered a gene to be regulated under the chemotherapy treatment if the confidence score (CS) was Ն27 (see Materials and Methods on the www.cancertoday.com website). Note. Case identification number followed by an A indicates that the tumor samples were used with the Affymetrix platform. Abbreviations: ID, identification; NA, not available. * ER and PgR status were determined by immunohistochemistry; 1, positive (Ͼ7 fmol/mg protein); 0, negative (Ͻ7 fmol/mg protein). † HER2/neu status is presented as copies of HER2/neu gene. ‡ Status of p53 oncogene: 0, Ͻ180 score; 1, Ͼ180 score.
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RESULTS

Time Course Patterns of Gene Regulation under Epirubicin/Cyclophosphamide Therapy in a Single Patient.
To improve the time choice for the posttreatment biopsy, we used global gene expression profiling by Affymetrix GeneChip array analysis for the characterization of those genes the expression of which would be regulated posttreatment in a single patient with a primary breast cancer disease. To examine the time-dependent regulation of gene expression in a treated breast tumor in vivo, biopsies have been taken from the same tumor of one patient before the first treatment with EC chemotherapy and after different intervals, namely 4, 8, 18, and 24 hours after the first therapy onset. We used a defined score value (CS; see Materials and Methods on www.cancertoday.com) 4 to determine a given gene as regulated by chemotherapy treatment. By use of the confidence score, we took into account the fold change for each gene as compared with control, the expression level, and the present or absent calls as determined by the Affymetrix software. By setting the confidence score cutoff at 27 or greater, we identified 479 genes that were expressed at detectable levels and showed a robust pattern of regulation (fold change, Ն2.0) after the first chemotherapy treatment of the breast tumor.
Then, we subdivided all of the regulated genes into three groups: (a) regulated early only (Ն2-fold at 4 and/or 8 hours only); (b) regulated early and late (Ն2-fold at 4 and/or 8 hours and at 18 and/or 24 hours); and (c) regulated late only (Ն2-fold at 18 and/or 24 hours only). For up-regulated genes, we observed the following numbers of genes in each of the three groups (first group, n ϭ 22; second group, n ϭ 303; third group, n ϭ 8). For down-regulated genes, the number of genes in each group is as follows: first, n ϭ 20; second, n ϭ 118; third, n ϭ 8. Therefore, the up-or down-regulation of the majority of the genes after the treatment was at the early and late time points.
Of 479 genes that were found to be up-regulated in posttreatment samples, the major functional categories included a cytoskeleton/structural category, including collagens, elastin, filamin, fibroblast factors and receptors, and cell adhesion/ extracellular matrix, as well as several growth-arrest and DNAdamage-inducible proteins (e.g., GAS, GADD45). The inhibited genes could be subdivided into several major groups such as a group of ribosomal proteins, nucleotide and protein synthesis and processing, transcription factors, as well as some oncogenes (e.g., c-myc, K-ras, bcl-2).
Cyclin-dependent kinase inhibitor p21 WAF1/CIP1 was stimulated in this tumor. We performed k-means clustering analysis and, with Spotfire software (Spotfire Inc., Somerville, MA), found genes with expression profiles similar to that of p21 WAF1/CIP1 . Twelve genes the expression profiles of which are highly correlated to the profile of p21, are shown on Fig. 1 .
Analysis of Expression Profiles by Using Clontech and Affymetrix Arrays. The expression profiles have been obtained for pre-and post-treatment breast cancer biopsy samples of 25 patients with Clontech Atlas Human Cancer 1.2 lowdensity cDNA array.
We used a hierarchical clustering algorithm (61) to group 50 biopsy samples on the basis of their similarities measured over 249 genes, scored as expressed at the average level in at least 6 of the 50 samples. On the basis of these analyses, the following observations could be made. First, in more than 90% of the cases, the pre-and post-therapy biopsies were clustered Fig. 1 Microarray data, over the 24-hour period after EC treatment, for 12 genes with stimulated expression and highly coregulated with cyclin-dependent kinase inhibitor 1A (p21 WAF1/CIP1 ). k, clustering was performed using Spotfire software. together, reflecting that expression patterns of tissue specimens obtained from the same tumor show a more conserved expression pattern than one can observe attributable to the interindividual variance from another patient (Fig. 2) . Only two pretreatment samples of patients 53 and 66 were clustered separately from their post-treatment biopsies. Second, expression patterns varied significantly among different tumors. Third, tumor samples subdivide by hierarchical clustering into three major subclasses independent of their ER status presented in Table 1 .
Expression data, as analyzed by two-dimensional gene clustering algorithms, are presented in Fig. 1 , in which those genes with similar expression levels are grouped together on the vertical axis ( Fig. 2A) , and the tumor samples are clustered according to their global expression profiles on the horizontal axis (Fig. 2C) .
The 249 quality-checked and pre-selected genes form discrete clusters of correlated gene expression. Some of these clusters are shown at higher magnification in Fig. 2B . Genes in the cluster "a" reflect the expression of genes represented in endothelial cells and B lymphocytes, indicating possible lymphocytic infiltration into the tumor tissue. The second gene cluster, "b" consists of oncogenes and growth factors such as MYC, VEGF, and MYB. Cluster "c" contains the genes v-erbb2/HER2, keratin 19, and keratin 18, also known to be discretely expressed in certain breast tumors. The gene cluster "d" includes a group of genes with a correlated expression with p21 WAF1/CIP1 and MIC-1 (prostate differentiation factor). The fifth highlighted gene cluster "e" harbors genes involved in cell cycle control and cellular proliferation (details on gene composition of individual clusters is indicated in Fig. 2B ).
We additionally analyzed the gene expression of 10 of the 25 paired breast cancer samples with hybridization of the extracted RNA to Affymetrix oligonucleotide microarray with 22,283 probe sets. Aliquots of the same total RNA, which have been previously used in experiments with Clontech arrays were analyzed with Affymetrix arrays. Expression of 4,906 transcripts hybridizing to the chip surface was reliably detected in all biopsy samples. A total of 15,122 transcripts could be detected in at least 1 of 10 pairs, whereas 7,161 transcripts could not be detected according to the manufacturers analysis software MAS 5.0 and the quality control signal "absolute call" in any of the paired samples.
An unsupervised analysis of gene expression in the 10 pre-/posttreatment paired cancer biopsies based on a qualitychecked gene set of 6,980 transcripts of the total HG-133A GeneChip content was performed. The quality control and gene selection was based on signal intensity levels and reliable detection on the individual array (see Materials and Methods on www.cancertoday.com). 4 The hierarchical cluster algorithm ordered the pre-and posttreatment biopsies of all 10 patients together without the previously observed exceptions (Supplemental Materials, Fig. 1) . 5 The higher coverage of genes and, putatively, of cellular mechanisms and pathways on Affymetrix platform does give the higher rate of coclustered sample pairs.
Of 1,185 genes listed on Human Cancer 1.2 Clontech array, 1,164 could be identified on the Affymetrix HG-133A list. Taking into account 19 genes that were flagged from the Clontech data, we could list 1,145 cDNAs for both platforms. By comparison of signals intensity data between two platforms, we found 414 genes, which were detected as "present" by absolute call of presence on the Affymetrix platform, which expression could not be detected by use of the Clontech platform. Expression levels of about 100 genes have been detected on the Affymetrix platform at significantly lower levels as compared with Clontech arrays. Therefore, there is a limited agreement for gene expression levels measured with the two platforms used.
Identification of Differentially Expressed Genes. A paired t test was applied to identify transcripts that were differentially expressed in pre-and posttreatment samples. After selection of 249 expressed genes, a group of 19 genes that frequently showed increased or decreased expression under EC or ET therapy were identified (Student's t test P Ͻ 0.05). There were some differences in frequently regulated genes between therapies (EC against ET; data not shown). Table 2 lists genes significantly regulated in a number of paired samples within the first 24 hours of chemotherapy treatment with ratios Ͼ1.8 or Ͻ0.6 for both therapy arms. The range of fold changes for the regulated transcripts was broad, presumably reflecting variability among patients. Two genes, the cyclin-dependent kinase inhibitor 1 (p21 WAF1/CIP1 ) and prostate differentiation factor (MIC-1), were up-regulated in more than 95% of all samples posttreatment.
Performing the same analysis with the expression data obtained with the Affymetrix GeneChip system to identify the treatment effects on gene expression, we have identified a group of 37 frequently regulated genes ( Table 3) . As also seen with the data obtained from hybridization to filter arrays, the genes p21 WAF1/CIP1 and MIC-1 were up-regulated most prominently in the posttreatment biopsy samples. However, the relative signal intensities detected for MIC-1 were lower with the Affymetrix system in comparison with the Clontech arrays.
Genes encoding for immune system proteins were found to be frequently down-regulated during the chemotherapy treatment. As an additional notable observation, the expression levels of matrix metalloproteinase 9 (MMP9) and tissue inhibitor of metalloproteinase-3 (TIMP3) genes were often decreased in posttreatment samples. According to Clontech data, both MMP9 and TIMP3 were often down-regulated in the posttreatment samples. However, their P values of statistical significance were higher than 0.05.
Obviously, the direct comparison of genes significantly regulated after the treatment according to Clontech arrays with t test P-values from the Affymetrix data set revealed a lack of agreement between the two platforms. To illustrate this discrepancy, Affymetrix data have been added to those genes reaching significance on the Clontech arrays (Table 2) .
Principal Component Analysis and PLS-DA: Advanced Data Analysis Algorithms. As one of the statistical methods for the estimation and selection of discriminative gene sets, we used PLS-DA to analyze expression data obtained by Clontech arrays. This method is superior when a much larger number of variables (genes) than observations (samples) has to be taken into consideration. We evaluate the discriminative ability of PLS questioning for small discrete gene sets to separate pre-and postchemotherapy samples. In addition we challenged a classical principal component analysis algorithm with the identification of the major components separating the sample pairs and the two treatment conditions. We used the expression data of all 25 tumor samples in the principal component analysis and PLS-DA analyses, which were carried out in the first iterative level with all 249 reliably expressed genes previously used in the hierarchical clustering analysis (see Materials and Methods; hierarchical clustering). During the course of analysis, we selected those genes satisfying the cutoff criterion of having the variable importance in the projection (VIP) more than 1.8 with both PLS components. In a second iterative PLS-DA performed with the SIMCA-P analysis software, only the genes (n ϭ 25) with a VIP above a threshold of 1.8 were reanalyzed separately to avoid running an overfitted system (see genes listed in Table 4 ).
The previously described statistical selection of genes with a simple t test is appropriate because the problems of defining classes are limited to two (66) . Nevertheless, the VIP criterion used for PLS-DA is more robust and discriminative. PLS-DA is not hampered by the problem of data that is not distributed per normality; an assumption that has to be made for the standard parametric t test. This is very important when working with relatively small numbers of samples as in the present study.
Results of principal component analysis and PLS-DA analyzing the expression levels of the 249 genes used are depicted in Figs. 3A and B. Whereas all samples before and after chemotherapy are mixedly scattered in principal component analysis (Fig. 3A) , they are grouped into distinct areas by the PLS-DA (Fig. 3B) . Furthermore, a permutation test was carried out to test for robustness (data not shown). Fig. 3C shows the PLS-DA analysis with the reduced data set containing 25 genes. Apparently, the pre-and postbiopsy samples are better discriminated compared with the PLS-DA with all 249 genes. However, there are some false classified samples, e.g., postbiopsy samples 35, 53, 66, and 47. We performed an additional permutation analysis for the new model covering only 25 genes, which revealed that the current model was the one with the highest predictive power (data not shown). Thus, by use of PLS analysis it was possible to identify changes exerted by the advent of chemotherapy within each individual sample pair (Table 4) . However, it is obvious that the absolute values vary from patient to patient. The VIP values (Table 4 ) correspond to the model with selected 25 genes and display lower values than obtained in the model with all 249 genes, a phenomenon that has been reported previously (67, 68) .
Furthermore, we applied PLS-DA to the 6980 reliably expressed transcripts, as detected by the Affymetrix platform. After the analysis with two PLS components had been performed, we retained 24 transcripts with VIP values Ͼ2 for the second iterative PLS analysis run. Fig. 4 shows the PLS-DA scatter plot with one component subdividing pre-and posttreatment samples. Genes with corresponding VIP criteria are listed in Table 5 . An independent permutation test showed the robustness and precision of this model (data not shown).
Semiquantitative and TaqMan Real-time Quantitative Reverse Transcription-PCR Validation. To confirm the array data for gene expression levels, we performed semiquantitative reverse transcription-PCR (sqRT-PCR) for six genes with aliquots of the same RNA samples. Although the extent of measured values detected by the two methods varied, direct comparison of sqRT-PCR and Clontech and Affymetrix ratios of differential gene expression for all chosen genes compared between pre-and posttreatment samples showed an overall qualitative concordance with cDNA array experiments (i.e., same trend of induction or no change detected by both methods for each target; Supplemental Materials Fig. 2) . 5 PCR reactions were settled and samples were taken at alternative cycle numbers between 17 and 33 to ensure that the sqRT-PCR reaction products were in a linear range of accumulation. For all sqRT-PCR, primers specific to ␤-actin were used as a control to normalize each experiment. Array hybridization results were validated additionally by TaqMan real-time RT-PCR analysis of p21 WAF1/CIP1 and interferon-induced transmembrane protein 9-27 in a subset of breast tumors. As shown on Fig. 5 , quantification with both methods resulted in similar ranges on expression although the absolute expression levels detected varied by methods. Clontech array showed false differential expression for interferon-induced transmembrane protein 9-27 in the sample "p53" (probably a hot spot because of hybridization with radioactively labeled probe). Notably, Affymetrix results for the differential expression of p21 WAF1/CIP1 were constantly lower for some tumors than it was in both Clontech and real-time data. This may follow from the probe design or hybridization conditions with the GeneChip system.
DISCUSSION
We obtained RNA from needle biopsy samples of primary human breast cancers before and 24 hours after the first treatment with EC or ET. Gene expression patterns have been identified with cDNA and oligonucleotide arrays. A cluster analysis that was based on either Clontech or Affymetrix gene expression data sets revealed a wide genetic heterogeneity among individual breast tumors, as reported previously (9 -12) . Moreover, the pre-and posttherapy samples revealed a much higher degree of similarity concerning their gene expression profiles, compared with samples taken from different individual tumors. These data support the hypothesis that intratumor transcriptional heterogeneity due to sampling of distinct subpopulations of cells is less than the heterogeneity among different tumors.
Unlike earlier publications that dealt with the prediction of patients' outcome we aimed at the identification of genes the expression levels of which will be changed immediately after the treatment. No additional information about the patients' response to treatment have been used. For the present study, we selected expression differences shortly after the initiation of the treatment. Important cellular processes, e.g., proliferation, DNA repair, and apoptosis, often occur within up to 48 hours after chemotherapy exposure (56, 69 -73). To our knowledge, this is the second experimental study that assesses direct influence of neoadjuvant chemotherapy on gene expression changes in human breast cancer and the fourth one that studies expression profiles of breast carcinomas under the neoadjuvant chemotherapy treatment. Sotiriou et al. (41) evaluated the correlation between expression profiles from fine-needle aspirations performed on breast carcinomas and subsequent clinical responses after the neoadjuvant chemotherapy. Expression profiles of samples before chemotherapy and 21 days after the first cycle of chemotherapy have been compared. The authors discovered that good responders exhibited more changes in their gene expression profiles after the therapy than did the poor responders. After the individual t test has been applied, 16 genes were identified of which the change in expression level allowed best differentiation between groups of good and poor responders. Chang et al. (42) performed a study on the correlation of gene expression profiles obtained from the pretreatment core biopsies of primary breast cancer with their clinical response after the fourth cycle of docetaxel therapy. They found 92 genes for which the expression profiles correlated with docetaxel response. Buchholz et al. (40) tried to analyze gene expression changes in serial tumor core biopsies taken during neoadjuvant chemotherapy of breast cancer at 24 and 48 hours after the chemotherapy onset. Besides the fact that they could not collect enough RNA from all of the serial samples and that they did not obtain all of the samples needed from five studied patients under the same therapy protocol, the difficulty was that no individual gene was up-or down-regulated across the three tumors treated with the same chemotherapy. Briefly, it seems that interindividual genetic heterogeneity could explain a remarkably diverse transcriptional response to chemotherapy. Expression levels of some genes might be significantly changed earlier or later than after 24 hours, and one will not be able to discover them in a consistent manner across every tumor. This statement is supported in the present study by the time course gene expression profiles, which we obtained for five serial biopsies taken from a single tumor. Expression levels of some up-or down-regulated genes achieved maximum or minimum values as early as 8 hours after the treatment and were often insignificantly changed after 24 hours.
Nevertheless, appropriate statistical analyses have identified genes that are differentially expressed between pre-and posttherapy biopsies. In the analysis of pre-and posttreatment expression profiles obtained with both Clontech and Affymetrix platforms, we identified several differentially expressed genes that, together, could separate pre-from posttreatment samples.
Because the major focus of this study was to identify differentially expressed genes, we aimed at independent confirmation of the whole data set. Therefore, the results from the Clontech platform were compared with those of the Affymetrix platform. The direct comparison revealed a limited agreement between the two different array platforms. First of all, the relative intensities of gene expression on the Affymetrix platform were significantly different when compared with the Clontech platform. For example, genes having high signal intensity on the Affymetrix microarray were spread throughout the whole distribution expression intensities on the Clontech arrays. Clontech expression data were confirmed for 3 of 19 genes that were significantly differentially expressed between pre-and posttherapy samples. The lack of agreement between gene expression measurements from different commercial microarray platforms has been reported previously (74 -76) . Thus, correlation in gene expression levels, as well as the results of a comparison of significant gene expression changes, may show considerable divergence between different array platforms. In addition, the role of genes, the expression of which is often changed in primary breast cancers shortly after the beginning of the chemotherapy, should ultimately be validated by the patient's response to treatment and overall outcome. Because paired Student's t test and PLS-DA are completely different in their algorithms, gene lists in corresponding Table 2 versus Table 4 are not identical. Thus, although the prostate differentiation factor (MIC-1) is absent in the PLS-DA (Table 4) , it was obviously stimulated in almost all posttherapy samples. However, several genes reappear in the Tables, which demonstrates their potential significance for the correct classification of samples. The PLS-DA could confirmed that genes for p21
, interferon ␥-inducible protein 30, BGT family member 2, DNA ligase I, growth arrest-specific 6, thymidylate synthetase, prostate differentiation factor, DNA repair protein XRCC9, and some others were often regulated under the therapy.
Several up-regulated genes are associated with cell cycle arrest and regulation of proliferation. Cyclin-dependent kinase inhibitor 1 (p21 WAF1/CIP1 ) was shown to be over-expressed in some breast tumors, whereas normal breast tissues were p21-negative (77) . A wide range of stress stimuli including chemotherapeutic agents have been shown to induce expression of the cyclin-dependent kinase inhibitor p21 (42, 78) . In addition to its growth-inhibitory role in cell cycle progression p21
has a function in apoptosis prevention. p21 WAF1/CIP1 regulates the outcome of the p53-mediated response to DNA damage by preventing damaged cells from becoming apoptotic as might occur under chemotherapy. Interestingly, Korn et al. (43) , analyzing gene expression profiles of breast cancer described by Perou et al. (10) , found 17 genes including p21 WAF1/CIP1 that were up-regulated after chemotherapy.
Relatively little is known about the role of MIC-1 in cancer. It reduces cell-to-cell adhesion and may support a tumor cell dissemination (79) . Additionally, nonsteroidal anti-inflammatory drugs that inhibit tumor progression also induce MIC-1 expression (80) .
BTG2 (PC3) is a member of a family of genes endowed with antiproliferative properties. Current evidence suggests a physiologic role of BTG2 (PC3) in the control of cell cycle arrest after DNA damage and other types of cellular stress or before the cell differentiation (81) (82) (83) .
Differences in gene expression levels were confirmed by semiquantitative and/or real-time RT-PCR for several genes. It demonstrates that measurement of gene expression profiling with arrays is able to detect changes in gene expression patterns after treatment if one is looking for the prediction of treatment effectiveness.
In conclusion, we showed that it is feasible to study the changes in gene expression under the chemotherapy treatment Table 1 . Table 5 Twenty-four genes with expression levels involved in discrimination between before-and-after EC or ET chemotherapy, ordered by VIP as defined by SIMCA-P software with Affymetrix data set GenBank accession no.
Gene name VIP with cDNA or oligonucleotide arrays. The complex cellular and tissue responses to therapy have been demonstrated. To ultimately define whether these changes have a predictive potential for treatment effectiveness, additional information about the pathologic outcome should be added into the data analysis, which will be the topic for our next report. and post) . Expression differences detected by cDNA array were verified by sqRT-PCR for cyclindependent kinase inhibitor 1 (p21 WAF1/CIP1 ) and interferon-induced transmembrane protein 9-27 (9-27). ␤-actin, control, used to standardize sqRT-PCR. Bar graphs, comparison of cDNA (Clontech), Affymetrix GeneChip arrays, and real-time RT-PCR results. On Y axis, ratios (in absolute units) of expression levels detected by cDNA and oligonucleotide array hybridization from the six different breast tumors preand posttreatment, compared afterversus-before, for p21 WAF1/CIP1 and 9-27 genes. Data for two different features on the Affymetrix HG-U133A for 9-27 were available. Insets with black, gray, and white squares, symbols key for ratios of differential gene expression obtained by Clontech, Affymetrix, and real-time RT-PCR methods, respectively.
